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INTRODUCTION 23
The previous decades of neuroscience have been remarkably influenced by the realization that "the 24 brain is more than an assemblage of autonomous modules […] " (Sacks, 2010, p. 53) . While distinct 25 brain regions show some degree of functional specialization and might be sufficient to control basic 26 functions necessary for survival (e.g., heart rate, breathing), it is striking how higher cognitive 27 functions such as memory, attention, and intelligence result from interactions of multiple brain 28 regions in large-scale networks (Bressler and Menon, 2010; Langer et al., 2012; Mesulam, 1990; 29 Sporns et al., 2004) . The human brain is nowadays conceived of as a complex network which is 30 characterized by a robust and highly efficient information transfer between its constituent elements 31 Sporns, 2012, 2009; Park and Friston, 2013) . 32
Given that a variety of cognitive functions are controlled by large-scale brain networks, the study of 33 musicians with absolute pitch (AP) -the ability to identify a musical pitch without an external 34 reference (Deutsch, 2013; Levitin and Rogers, 2005) -might be especially suited to study the 35 neural underpinnings of the human brain network: During music production, musicians have to 36 exert virtually every human cognitive function (Münte et al., 2002; Zatorre, 2005) . This might cause 37 increased functional connectivity within and between auditory and sensorimotor networks (Klein et 38 al., 2016; Krishnan et al., 2018; Palomar-García et al., 2017; Zatorre et al., 2007) . In addition, 39 musicians with AP use cognitive functions and their underlying functional networks enabling them 40 to effortlessly name and produce musical pitches. 41
It has been suggested that refined pitch categorization is a key property of AP (Zatorre, 2003) . 42
This perceptual advantage presumably relies on functional and structural alterations in the auditory 43 cortex of AP musicians (Brauchli et al., 2019; Keenan et al., 2001; Lüders et al., 2004; McKetton et 44 al., 2019; Ohnishi et al., 2001; Schlaug et al., 1995; Schulze et al., 2009; Wengenroth et al., 45 potential/event-related field correlates of AP have found differences in the amplitude and sources of 47 early components presumably evoked by auditory cortex activation (Burkhard et al., 2019; Hirata et 48 al., 1999; Hirose et al., 2004; Wengenroth et al., 2014; Wu et al., 2008) . 49
Equal or better performance of AP musicians compared to relative pitch (RP) musicians in tasks 50 requiring auditory working memory is accompanied by less activation in inferior frontal, middle 51 frontal, and parietal brain regions (Leipold et al., 2019a; Schulze et al., 2009) . In a similar vein, 52 several EEG studies on AP have found reduced amplitudes in later event-related potential 53 components associated with cognitive processes (Bischoff Renninger et al., 2003; Crummer et al., 54 1994; Hantz et al., 1992; Itoh et al., 2005; Klein et al., 1984; Leipold et al., 2019c Leipold et al., , 2019b Wayman 55 et al., 1992) . This could indicate that AP musicians use less (or different) neural resources or that 56 they use the same resources more efficiently (Leipold et al., 2019a) . They might also use different 57 strategies not present in RP musicians, such as associative memory mechanisms. These mechanisms 58 could be sustained by the dorsolateral prefrontal cortex (Bermudez and Zatorre, 2005; Zatorre et al., 59 1998) . 60
Building on these findings, an AP-specific functional network has been reported, characterized by 61 increased connectivity in the vicinity of the auditory cortex Kim and Knösche, 62 2017; Loui et al., 2012) , but also by increased connectivity within parietal and frontal brain regions 63 (Brauchli et al., 2019) . Taken together, both musical proficiency and AP ability have observable 64 effects on large-scale functional brain networks. 65
To date, most studies have reported musician-specific alterations regarding the function of distinct 66 brain regions or functional subnetworks. To the best of our knowledge, only two studies have 67 investigated the effects of AP and musical proficiency on whole-brain networks so far: 68
Investigating structural covariance networks based on anatomical similarities, Jäncke et al. (2012) 69 reported decreased whole-brain connectivity in AP musicians, compared to both RP musicians and 70 Non-musicians. RP musicians and Non-musicians did not differ from each other. It follows that AP 71 -but not musical proficiency -has diminishing effects on whole-brain functional connectivity. 72
Given that structural covariance networks reflect interactions in functional networks (Evans, 2013) , 73 the findings by Jäncke et al. (2012) contrast with the results of Loui et al. (2012) , the second 74 study investigating whole-brain connectivity, which reported increased functional connectivity in 75 AP musicians compared to RP musicians. 76 In this study, we aimed to resolve the contradictory accounts of Jäncke et al. (2012) and Loui et 77 al. (2012) by reevaluating whole-brain functional connectivity in AP musicians, RP musicians, and 78
Non-musicians. Similar to the previous studies, we used a graph-theoretical framework to 79 characterize the effects of AP and musical proficiency on the whole-brain functional network. As it 80 is an open question whether the effects of AP and musical proficiency are prevalent during resting 81 state (Klein et al., 2016; Loui et al., 2012; Palomar-García et al., 2017) , or if they are evident only 82 during auditory perception (Krishnan et al., 2018) , we studied resting state and two naturalistic 83 listening conditions, namely music and audiobook listening. We used naturalistic auditory stimuli in 84 an ecological setting without a specific task because it has been repeatedly shown that the human 85 brain processes stimuli in ecological settings differently than in conventional controlled settings 86 (Hasson et al., 2004; Silbert et al., 2014) . To further increase the ecological validity of our study, 87 whole-brain functional networks were reconstructed from source-space EEG data, because this 88 allows for a comfortable listening experience without interference by acoustic noise. 89
Our analyses were conducted in three steps: First, we assessed global network density during music 90 listening, audiobook listening, and resting state by calculating the mean degree of the whole-brain 91 6 network as a representative measure for the overall connectedness of the network. We extended the 92 aforementioned studies by implementing cluster-based permutation testing (Drakesmith et al., 2015; 93 Maris and Oostenveld, 2007; Nichols and Holmes, 2002) . This technique which does not require the 94 (arbitrary) choice of a specific threshold but uses a wide range of thresholds to evaluate group 95 differences in network characteristics. For this first analysis, we used absolute thresholding based 96 on functional connectivity values. Second, we analyzed which particular subnetworks might have 97 driven global differences in functional connectivity between the groups. Third, we characterized 98 group differences in global network topology during acoustic stimulation and resting state by 99 calculating the clustering coefficient as a measure of network separation and characteristic path 100 length as a measure of network integration. We again employed cluster-based permutation testing to 101 avoid an arbitrary threshold choice. Here, we used proportional thresholding to assess the whole-102 brain network topology independent of the network density. 103 7 2. METHODS 105
Participants 106
In recent years, studies in neuroscience have repeatedly been criticized for analyzing data from 107 small samples (Button et al., 2013; Nord et al., 2017; Szucs and Ioannidis, 2017) . Small samples not 108 only reduce the probability of detecting an effect should a true effect exist, but also decrease the 109 probability that a significant finding reflects a true effect (Button et al., 2013) . Consequently, we 110 analyzed a relatively large sample comprising 46 AP musicians, 45 RP musicians and 34 Non-111 musicians. All musicians were recruited from local conservatories and orchestras and were 112 professionals, music students, or highly trained amateurs. Assignment to the groups of AP or RP 113 musicians was based on self-report and could therefore not be attributed to an arbitrary cut-off in 114 pitch-naming scores. Many of the musicians participated in other EEG and fMRI studies of our 115 research group (Brauchli et al., 2019; Burkhard et al., 2019; Greber et al., 2018; Leipold et al., 116 2019a Leipold et al., 116 , 2019c Leipold et al., 116 , 2019b ). In the current study, we excluded seven participants because of 117 unsatisfactory data quality or missing EEG data. In addition to the data from musicians, we 118 collected data from Non-musicians without musical training to further investigate effects of musical 119 proficiency on whole-brain functional networks. The participants of the three groups were matched 120 for age, sex, handedness, and cognitive capability (see Table 1 ). 121 1 P-value based on one-way ANOVA a Kurztest für allgemeine Basisgrössen der Informationsverarbeitung (KAI) -total scores according to Lehrl et al. (1991) b Age of commencement of musical training c Training effort measured as total of hours played during lifetime d "Advanced Measures of Music Audiation" (AMMA) according to Gordon (1989) 123
The musician groups were also matched for musical training in terms of their age of 124 commencement and the total of hours played during lifetime (training effort). The musical aptitude 125 of participants was quantified using the "Advanced Measures of Music Audiation" (AMMA) 126 (Gordon, 1989) . In this test, participants decided whether 30 successively presented pairs of short 127 piano melodies were equivalent, different with respect to tonality, or different with respect to 128 rhythmicity. Pitch-naming ability was evaluated using an online adaptation of an in-house test 129 (Oechslin et al., 2010) . Participants had to correctly name a total of 108 pure tones ranging from 130 and followed by 2 s of Brownian noise. Pitch-naming scores were calculated as the percentage of 133 correctly named tones without counting octave errors (Deutsch, 2013 excerpts from classical orchestral pieces, and to excerpts from audiobooks played on external 142 speakers. The participants had no specific task but were instructed to fixate a white cross on a black 143 background throughout EO resting-state measurement and acoustic stimulation. As it has been 144 shown that concurrent tasks change both the listening experience and its EEG correlates (e.g., 145 Jäncke et al., 2018) , we explicitly did not use a particular task to keep the listening condition as 146 natural as possible. 147
Our main objective was to identify the neural underpinnings of natural music listening in the three 148 participant groups. The musical stimuli were previously used in other publications of our research 149 group and are known to evoke the emotion fear (Gustav Holst: Mars -The Bringer of War from The 150 Planets), sadness (Samuel Barber: Adagio for Strings), and joy (Ludwig van Beethoven: Symphony 151
No. 6) (Baumgartner et al., 2006b (Baumgartner et al., , 2006a . The audiobook excerpts were taken as a control 152 condition for the musical stimuli as we wanted to ensure that the effects of music listening were not 153 due to emotional processing evoked by the music, but due to the acoustic stimulation in general. 154
Thus, the audiobooks were chosen according to their potential to evoke the emotion fear (Steven 155 were presented in German in which all participants were fluent. 157
The auditory stimuli had a duration of three minutes each and were presented in pseudo-randomized 158 order after three minutes of EO resting-state measurement. The pseudo-randomization followed the 159 rule that auditory stimuli of the same kind were always presented successively, i.e. in music or 160 audiobook blocks. The order of blocks and the order of auditory stimuli within these blocks were 161 randomized. Immediately after the presentation of an auditory stimulus, the participants were 162 required to rate their perceived emotional valence and arousal using the self-assessment manikin 163 (SAM; with nine levels: -4 -+4 [valence] and 0 -8 [arousal]) (Bradley and Lang, 1994) . 164
Participants were also asked to identify the emotion inherent to the auditory stimulus in a single 165 choice format with the options anger, joy, fear, disgust, and sadness. The whole procedure lasted for 166 approximately thirty minutes. 167
The EEG data was preprocessed in BrainVision Analyzer (Version 2.0, Brain Products, Gilching, 168 Germany). After the exclusion of twenty outer electrodes prone to muscle artifacts, a band-pass 169 filter with a high-/low-pass criterion of 0.5/60 Hz (infinite impulse filter, Butterworth, 48 dB/oct) 170 and a notch filter of 50 Hz were applied. Eye movement artifacts (blinks and saccades) were then 171 removed using independent component analysis (Jung et al., 2000) , and remaining bad electrodes 172 were interpolated by spherical splines. Next, the data was re-referenced to the average of all 173 remaining electrodes before EEG segments containing residual artifacts were automatically 174 rejected. Based on the onset of EEG artifacts in single electrodes, adjacent EEG epochs (-200 ms to 175 +200 ms) were rejected from all electrodes by applying the following criteria: a minimal/maximal 176 allowed absolute amplitude difference of 0.5/120 µV within a time window of 200 ms and 177 minimal/maximal amplitudes of -120/+120 µV. Based on the number of remaining (clean) EEG 178 segments, data from auditory stimuli evoking joy (Symphony No. 6 & Der Kleine Nils) was 179 excluded from further analyses due to insufficient data quality during the presentation of the 180 audiobook (which could have been caused by laughing and associated muscle artifacts). Lastly, the 181 data was segmented according to the length of the stimuli and further split into epochs of 2 seconds. 182
These epochs were exported for the graph-theoretical analysis of functional connectivity in the 183 source space (see below). 184
Computation of Functional Connectivity in the Source Space 185
The sLORETA toolbox (V20160611) (http://www.uzh.ch/keyinst/loreta.htm) 186 2002) was used for the computation of the whole-brain source-space functional connectivity (Lai et 187 al., 2018; Schoffelen and Gross, 2009 ) . Because both lower and higher EEG frequency bands 188 have been related to auditory processing and memory functions (Bastiaansen et al., 2010; Edagawa 189 and Kawasaki, 2017; Klimesch, 1997; Klimesch et al., 1994; Mai et al., 2016; Pesonen et al., 2006; 190 Yordanova et al., 1998) , functional connectivity was evaluated in three EEG frequency bands of 191 interest: theta (4-7 Hz), alpha (8-12 Hz), and beta (13-30 Hz). 192
The whole-brain network comprised of 84 nodes used in previous publications of our research 193 group (e.g., Klein et al., 2016) . These nodes were defined using a single centroid voxel of each 194
Brodmann area (BAs) as implemented in the sLORETA toolbox (42 BAs in each hemisphere). The 195 functional connectivity between these nodes was quantified using phase synchronization which is 196 defined as "the absolute value of the complex valued (hermitian) coherency between the normalized 197 Fourier transforms" (Pascual-Marqui, 2007, p. 10), and takes a value between 0 (no 198 synchronization) and 1 (perfect synchronization). 199
Please note that there exists currently no gold standard in the field concerning the use of a specific 200 EEG source estimation algorithm, a particular functional connectivity measure, or a combination of 201 these two elements. In contrast, a wide variety of EEG (and MEG) source estimation algorithms 202 have been developed (Michel et al., 2004; e.g., Pascual-Marqui et al., 2009) and an even greater 203 number of EEG/MEG functional connectivity measures (e.g., Schölvinck et al., 2013; Wendling et 204 al., 2009 ). The here-employed (s)LORETA is a well-established algorithm that has been repeatedly 205 validated (Grech et al., 2008; Grova et al., 2006; Wagner et al., 2003) and is also implemented in 206 other popular EEG/MEG software packages apart from the sLORETA toolbox (Gramfort et al., 207 2014; Tadel et al., 2011) . We used the connectivity measure of phase synchronization as it has been 208 suggested that phase synchronization represents a fundamental mechanism for the integration of 209 neuronal signals from distinct brain regions (Varela et al., 2001) and plays a major role in a diverse 210 range of sensory and cognitive processes (Fell and Axmacher, 2011; Sauseng and Klimesch, 2008) . 211 Furthermore, the particular combination of (s)LORETA and phase synchronization has been 212 successfully employed in a number of previous studies comparing functional connectivity between 213 different groups (e.g., Mulert et al., 2011; Ramyead et al., 2015) . 214
Phase synchronization was computed separately for the EO resting state and each auditory stimulus 215 based on the cross-spectra between EEG epochs before aggregating and averaging by block. As 216 described above, auditory stimuli evoking joy were excluded. This resulted in 84 x 84 square 217 connectivity matrices representing whole-brain networks, whereas a single cell contained the 218 individual participants' phase synchronization in a given frequency band between two nodes during 219 EO resting state, music listening, or audiobook listening. Exemplary difference connectivity 220 matrices between Non-musicians, RP musicians, and AP musicians are shown in Figure 1 . We compared the density of the whole-brain networks of the three groups across different 228 thresholds using the global graph-theoretical measure of mean degree. For this, the participants' 229 connectivity matrices were analyzed using custom MATLAB code and functions of the Brain 230 Connectivity Toolbox (V20170115) (http://www.brain-connectivity-toolbox.net) (Rubinov and 231 Sporns, 2010) .For each participant in each block and frequency band, the connectivity matrices 232 were absolutely thresholded over a wide range of phase synchronization values from 0.1 to 0.9 in 233 increments of 0.05. Subsequently, the mean degree of each thresholded matrix was computed as the 234 average number of connections of every node to all connected other nodes in the network. This 235 procedure yielded 17 mean degree values for each participant in each block and frequency, which 236 was equivalent to the number of employed phase synchronization thresholds (0.1 -0.9). 237 examined separately per block (EO resting state, music block, audiobook block) and frequency 239 band (theta, alpha, beta). Conventional parametric statistical tests are not well-suited to assess group 240 differences in graph-theoretical measures across a high number of thresholds since the values across 241 different thresholds are highly dependent Langer et al., 2013) . Group 242 differences in graph-theoretical measures have hence been evaluated at a single threshold in 243 previous studies (Loui et al., 2012) . The choice of the threshold in such an analysis, however, is 244 arbitrary and the analysis yields no information about the stability of the effect across multiple 245 thresholds. Consequently, we used (nonparametric) cluster-based permutation testing, commonly 246 employed for the evaluation of spatially or temporally dependent fMRI/EEG data (Maris and 247 Oostenveld, 2007; Nichols and Holmes, 2002) , to assess the statistical significance of group 248 differences in mean degree and to correct for the family-wise error (FWE) that arises from multiple 249 testing across different thresholds (Drakesmith et al., 2015; Langer et al., 2013) . 250
In cluster-based permutation testing, the probability of clustered mean degree differences (i.e. 251 differences across multiple contiguous phase synchronization thresholds) was estimated under the 252 null distribution of no group differences. This null distribution was built by randomly permuting 253 group labels and therefore removing group information. In detail, empirical mean degree 254 differences at separate phase synchronization thresholds were first calculated using a one-way 255 ANOVA in R (V3.3.1; https://www.r-project.org/) with a single between-participant factor Group 256 (AP musicians, RP musicians, Non-musicians). Next, group labels were permuted in 5000 iterations 257 before calculating random group differences in mean degree for each permutation at each phase 258 synchronization threshold using an identical ANOVA. Importantly, statistical dependency across 259 contiguous phase synchronization thresholds was preserved in permutations; i.e. for a given 260 permutation iteration, the random assignment of group labels was identical for all phase 261 than 0.05 were combined to clusters. Note that in this case, the P-value is used as a descriptive 263 cluster-defining threshold and not for inference. The cluster size in the empirical data served as the 264 test statistic k. The null distribution of cluster sizes was estimated by storing the maximal cluster 265 size of each permutation. Finally, the P-value of the empirical cluster was calculated as the 266 proportion of cluster sizes under the null distribution that were larger than k. Because cluster-based 267 permutation testing as employed here does not control the FWE-rate across frequency bands, the 268 significance level was set to α = 0.05/3 = 0.017. 269
Follow-up analyses were conducted to compare the mean degree of each pair of groups (AP vs. RP 270 musicians, AP vs. Non-musicians, RP vs. Non-Musicians) in the blocks and frequency bands where 271 statistically significant group differences in mean degree were identified. Here, we used an identical 272 procedure as described above with the exception that the cluster-based permutation testing included 273 a Welch test instead of a one-way ANOVA. As we conducted three post-hoc comparisons, we 274 adjusted the significance level to α = 0.017. 275
Local Analysis of Subnetworks Driving Network Density 276
To better characterize which nodes and connections might have driven global group differences in 277 network density, we identified group differences in subnetworks using the network-based statistic 278 (NBS) approach (Zalesky et al., 2010) as implemented in the NBS toolbox (V1.2) 279 (https://sites.google.com/site/bctnet/comparison/nbs). Analogously to cluster-based approaches, 280 NBS estimates the probability of the size of a subnetwork showing group differences under the null 281 distribution. Based on the results of the global analysis, we restricted the NBS analysis to the blocks 282 and frequency bands where we found statistically significant group differences in mean degree. In 283 detail, separately per block and frequency band, the connectivity matrices were compared between 284 each pair of groups using a two-sample t test at every connection. Next, connections where t-values 285 exceeded > 3.1 were combined to form a subnetwork. Here, the t-value acted as a descriptive 286 subnetwork-defining threshold. The size (extent) of the subnetwork served as the test statistic. 287
which was compared to the null distribution of subnetwork sizes to obtain a P-value. This null 288 distribution was built by repeating the procedure 5000 times with randomly permuted group labels. 289
As above, we used an adjusted significance level of α = 0.017 for the number of pairwise 290 comparisons. Statistically significant subnetworks were visualized using BrainNet Viewer (version 291 1.63) (https://www.nitrc.org/projects/bnv/) (Xia et al., 2013) . 292
Global Analysis of Network Topology Using Proportional Thresholding 293
As the analysis of network density cannot give insights about the topology of the whole-brain 294 networks, we also compared the groups regarding two graph-theoretical measures, global clustering 295 coefficient and characteristic path length, which are informative regarding network topology. For 296 this, we used proportional thresholding which equates the network density between participants. 297
The clustering coefficient represents a graph-theoretical measure of separation within the network. 298
It was based on transitivity and defined as the ratio of triangles to triplets. Characteristic path length 299 represents a measure of network integration and was defined as the average shortest path length 300 between all pairs of nodes in the network (Rubinov and Sporns, 2010) . 301
All analysis steps for comparing the two measures between the groups were identical compared to 302 the analysis of network density, except for the thresholding. Here, we thresholded the connectivity 303 matrices based on the proportion of connections in the network that were retained after 304 thresholding. We used a wide range of proportional thresholds from 5 to 90% retained connections 305 in increments of 5%. As above, we adjusted the significance level to α = 0.017 to correct for the 306 number of frequency bands. 307
Pitch-Naming Ability and Musical Proficiency 310
A one-way ANOVA was conducted to examine the effect of Group (AP musicians, RP musicians, 311
Non-musicians) on pitch-naming and AMMA total scores (see Figure 2 for a visualization). As 312 expected, the effect of Group on pitch-naming scores was highly significant (F(2,122) = 205.71, P 313 < 10 -15 , η2 = 0.77). Post-hoc two-tailed Welch tests revealed that AP musicians demonstrated 314 substantially higher pitch-naming scores than both RP musicians (t(88.17) = 13.54, P < 10 -15 , d = 315 2.83) and Non-musicians (t(50.70) = 22.59, P < 10 -15 , d = 4.45). Also, RP musicians demonstrated 316 higher pitch-naming scores than Non-musicians (t(50.90) = 5.50, P < 10 -5 , d = 1.10). This suggests 317 that some RP musicians might have used RP-specific strategies (e.g., internal rehearsal of tones to 318 calculate the musical interval) to achieve relatively high pitch-naming scores in comparison to 319 untrained Non-musicians, as we have already suggested in previous publications of our research 320 group (Brauchli et al., 2019; Leipold et al., 2019a) . 321 29.18, P < 10 -10 ). As expected, Non-musicians performed significantly worse than AP musicians 329 (t(61.95) = -7.22, P < 10 -9 , d = -1.69) and RP musicians (t(65.61) = -5.07, P < 10 -5 , d = -1.17). AP 330 musicians had marginally higher AMMA total scores than RP musicians (t(88.13) = 2.36, P = 331 0.021, d = 0.49). This effect was driven by the better performance of AP musicians than RP 332 musicians in tonal judgements (t(87.02) = 2.69, P = 0.009), but not in rhythmical judgements 333 (t(88.90) = 1.69, P = 0.095). The enhanced performance of AP musicians in tonal judgements of the 334 AMMA test might be explained by their exceptional pitch encoding abilities. The groups did not 335 differ in their musical training in terms of age of commencement of musical training (t(86.69) = 336 1.36, P = 0.177) and training effort (t(82.84) = 1.63, P = 0.106). Since most of the Non-musicians 337 did not report having received musical training in their lifetime, age of commencement and training 338 effort were not statistically evaluated for Non-musicians. All Non-musicians with some sort of 339 musical experience reported a training effort of less than 4000 hours over their lifetime. 340
Emotional judgements of music and audiobooks 341
The majority of the participants correctly identified the emotion fear after having listened to the fear 342 evoking musical stimulus (52.46 % correct) or audiobook (61.48 % correct), as opposed to the 343 guessing level of 20 % (single choice format with five options, see above). In wrong emotion 344 judgements, fear was mostly confused with the negative emotions anger (musical stimulus) or 345 disgust (audiobook). Moreover, the participants were highly accurate in identifying the sadness 346 evoking musical (88.52 %) and audiobook stimulus (97.54 %). In contradiction to their high 347 accuracy in identifying negative emotions, many participants reported having experienced positive 348 (valence rating > 0) emotions during music listening (fear: 64.75 %, sadness: 34.43 % of 349 participants). This discrepancy between objectively recognized and subjectively experienced 350 emotional valence was less evident for audiobooks (fear: 13.93 %, sadness: 2.46 % of participants 351 with positive valence ratings). 352
An ANOVA was conducted to examine the main effects of Group (AP musicians, RP musicians, 353 Non-musicians) and Block (music, audiobook) and the interaction between Group and Block on 354 arousal ratings. The analysis yielded a significant effect of Block (F(1,119) = 151.51, P < 10 -15 ) 355 with higher arousal ratings for music (mean = 5.27 ± 1.94) than for audiobook blocks (mean = 3.20 356 ± 1.94). Moreover, the analysis yielded a significant interaction between Group and Block 357 (F(2,119) = 8.65, P < 0.001). Post-hoc analyses revealed that this interaction effect was driven by 358 lower music block arousal ratings of Non Musicians (mean = 4.42 ± 1.72) in comparison to both AP 359 musicians (mean = 5.79 ± 1.76) (t(68.98) = 3.99, P < 0.001) and RP musicians (mean = 5.39 ± 360 2.07) (t(73.79) = 2.59, P < 0.05). Arousal ratings for audiobook blocks did not differ between 361 groups. (Figure 3 Group differences in the mean degree of whole-brain functional networks during resting state, 370 music listening, and audiobook listening were assessed using the cluster-based permutation testing 371 procedure described above. The analysis yielded a statistically significant effect of Group (AP 372 musicians, RP musicians, Non-musicians) on the mean degree derived from the beta frequency 373 band exhibited during music listening (P = 0.014, FWE-corrected), with a cluster size k of 14 374 contiguous phase synchronization thresholds from 0.1 to 0.75. Follow-up analyses between each 375 pair of groups revealed that this effect was driven by a lower mean degree of AP musicians 376 compared to Non-musicians (P = 0.016, FWE-corrected, k = 16). We found no evidence for 377 differences between RP and AP musicians or between RP and Non-musicians at any phase 378 synchronization threshold (k = 0) (see Figure 4) . 379 For the audiobook listening, the analysis further revealed a significant effect of Group on the mean 389 degree derived from the beta frequency band (P = 0.04, FWE-corrected, k = 5). Again, follow-up 390 analyses revealed this effect to be driven by the lower mean degree of AP musicians compared to 391 Non-musicians (P < 0.001, FWE-corrected, k = 17). We found no evidence for a group difference 392 between RP and AP musicians or RP and Non-musicians at any threshold (k = 0). For the resting 393 state block, there was no evidence for an effect of Group on the mean degree derived from the beta 394 frequency band (k = 0). We also found no evidence for an effect of Group on the mean degree 395 derived from the theta or alpha frequency band (see Supplementary Figure 1) . 396
We performed post-hoc two-tailed Pearson correlations to evaluate whether the mean degree of AP 397 musicians, RP musicians, or Non-musicians during music listening was related to their pitch-398 naming ability, musical aptitude, or their music block arousal rating. We found no evidence for a 399 correlation between the mean degree during music listening in the beta frequency band (averaged 400 across thresholds from 0.1 to 0.75) and pitch-naming scores of AP musicians (r = -0.18, P = 0.228), 401 RP musicians (r = -0.12, P = 0.448), or Non-musicians (r = -0.14, P = 0.425). Similarly, no 402 evidence was found for a correlation between the mean degree and AMMA total scores of AP 403 musicians (r = 0.02, P = 0.908), RP musicians (r = 0.04, P = 0.799), or Non-musicians (r = -0.31, P 404 = 0.075). Finally, the analysis yielded no evidence for a correlation between the mean degree and 405 music block arousal ratings of AP musicians (r = -0.13, P = 0.384), RP musicians (r = -0.16, P = 406 0.285), or Non-musicians (r = -0.16, P = 0.369). 407
Subnetworks Driving Differential Network Density 408
Based on the results of the network density analysis, we restricted the NBS analysis to the beta 409 frequency band in the music and audiobook listening blocks. Figure 5 visualizes the statistically 410 significant subnetworks we identified in the pairwise group comparisons. For the music listening, 411
we found a subnetwork of lower functional connectivity in AP musicians compared to Non-412 musicians (P = 0.009). Descriptively, the strongest group differences in functional connectivity 413 were observed along the midline between the ventromedial prefrontal cortex including the anterior 414 cingulate cortex (ACC) and the posterior cingulate cortex (PCC)/precuneus, and between the 415 PCC/precuneus and middle temporal regions. Nodes with weaker connections included superior 416 temporal, lateral frontal, and early visual regions (see Figure 5, left panel) . A strikingly similar 417 network was identified in the comparison of AP musicians and Non-musicians for the audiobook 418 listening (P = 0.017). Again, the descriptively strongest differences were found for connections 419 between ventromedial prefrontal cortex and PCC/precuneus, and between PCC/precuneus and 420 middle temporal regions. 421 
431
A third subnetwork showed lower functional connectivity in RP musicians compared to Non-432 musicians during music listening, which was descriptively similar to the previously described 433 networks (see Figure 5 , middle panel). However, this network was smaller in size and did not 434 survive the adjustment of the significance level for multiple comparisons (P = 0.019). This 435 corresponds well with the network density analysis, where we found descriptive, but not statistically 436 significant differences between RP and Non-musicians. We did not identify differential 437 subnetworks between AP and RP musicians during music and audiobook listening, and also not 438 between RP and Non-musicians during audiobook listening. 439
Global Network Topology 440
Group differences in clustering coefficient and characteristic path length were evaluated using 441 cluster-based permutation testing across a wide range of proportional thresholds. As shown in 442 Figure 6 (upper panels), we found no evidence for an effect of group on the clustering coefficient 443 derived from the beta frequency band during music listening (P = 0.08, FWE-corrected, k = 3) or 444 during audiobook listening (k = 0). We also detected no evidence for group differences in clustering 445 coefficient during acoustic stimulation in the theta and alpha frequency bands (see Supplementary  446 Figure 2). For resting state, we found no evidence for group differences in all frequency bands. 447 Furthermore, as shown in Figure 6 (lower panels), we found no evidence for an effect of group on 448 characteristic path length in the beta frequency band during music or audiobook listening (both k = 449 0). We also found no evidence for group differences in characteristic path length in the theta or 450 alpha frequency bands (see Supplementary Figure 3 ). Again, we found no evidence for an effect of 451 group on characteristic path length during resting state in all frequency bands. Please note that the 452 significance level for all these analyses was adjusted to α = 0.017 to correct for the number of tested 453 frequency bands. 454 455 Figure 6 . Clustering coefficient and characteristic path length derived from the beta frequency band during music 456 listening and during audiobook listening. We found no evidence for group differences between AP musicians (AP), RP 457 musicians (RP), and Non-Musicians (NM) during music or audiobook listening. The proportional threshold values 458 represent the proportion of the strongest connections that are preserved after thresholding.
Previous studies have mainly explored the effects of AP and musical proficiency on the function of 462 distinct brain regions or distinct functional subnetworks (Brauchli et al., 2019; Kim and Knösche, 463 2017; Klein et al., 2016; Loui et al., 2011; Luo et al., 2014 Luo et al., , 2012 Palomar-García et al., 2017; 464 Zamorano et al., 2017) . These studies have provided incomplete insights into the effects of AP and 465 musical proficiency on a global level of whole-brain networks. In addition, it is an open question if 466 similar effects of AP and musical proficiency are observable during resting state and music listening 467 (Klein et al., 2016; Krishnan et al., 2018; Loui et al., 2012) . Using graph-theoretical analyses of 468 network density and topology combined with cluster-based permutation testing, we assessed effects 469 of AP and musical proficiency on whole-brain functional connectivity during resting state, music 470 listening, and audiobook listening. 471
The analysis of network density revealed an effect of group on the mean degree of functional 472 networks derived from the beta frequency band during both music and audiobook listening, but not 473 during resting state. This effect was descriptively more extensive during music listening than during 474 audiobook listening. Follow-up analyses showed that group differences in network density during 475 auditory perception were driven by a decreased mean degree in AP musicians compared to Non-476 musicians, whereas for RP musicians, an intermediate mean degree not statistically different from 477
Non-musicians or AP musicians was observed. The subsequent NBS analysis to identify 478 subnetworks which could underlie the global differences in network density revealed the strongest 479 group differences in functional connectivity between the ventromedial prefrontal cortex, the 480 PCC/precuneus, and middle temporal brain regions. Consistent with the reduced mean degree, AP 481 musicians showed lower functional connectivity between these brain regions than Non-musicians 482 during music and audiobook listening. Finally, an analysis of network topology did not reveal 483 evidence for group differences in clustering coefficient and characteristic path length during 484 acoustic stimulation or resting state. 485
Taken together, for the first time, we find evidence for diminished whole-brain functional 486 connectivity in AP musicians, consistent with previously reported globally diminished structural 487 covariance networks of AP musicians . Extending the findings of Jäncke et al. 488 (2012) , our results suggest that decreased whole-brain connectivity in AP musicians is not only a 489 correlate of their AP ability. More likely, the diminishing effects were mediated through 490 mechanisms related to AP ability, musical proficiency, music processing, and auditory processing 491 per se. 492
One such mechanism might have operated through the interaction between AP ability and the 493 special role of pitch in music. Pitch constitutes a primary perceptual dimension of music 494 (Krumhansl, 2000; Plack et al., 2005) and varies far more subtly in music than in speech, where it 495 is used for the purpose of intonation (Zatorre et al., 2002; Zatorre and Baum, 2012) . Superior pitch 496 chroma categorization in AP musicians might thus have the largest effect during music listening, 497 which may explain the largest difference in network density during this condition. 498
The intermediate network density of RP musicians suggests an influence of musical proficiency and 499 might relate to the musicians' benefits in auditory cognitive functions such as auditory memory 500 (Pallesen et al., 2010; Zuk et al., 2014) , auditory-motor integration (Baumann et al., 2007; Zatorre 501 et al., 2007) , and syntactic processing (Fitzroy and Sanders, 2013; Jentschke and Koelsch, 2009) . 502 Notably, these functions are relevant for both music and speech processing (Besson et al., 2011; 503 Hickok et al., 2003; Patel, 2007 Patel, , 2003 , and they have been related to the beta frequency band 504 (Bastiaansen et al., 2010; Edagawa and Kawasaki, 2017; Mai et al., 2016; Pesonen et al., 2006) . 505
Diminished beta coupling during music and audiobook listening but not during resting state might 506 thus indicate a form of neural efficiency in musicians when such cognitive functions are stimulated 507 (Leipold et al., 2019a) . Although we did not find evidence for group differences in functional 508 networks derived from the alpha and theta frequency bands, this does not mean that these EEG 509 frequencies have no relevance for auditory sensory and cognitive functions. For example, 510 oscillations in the alpha frequency band have been associated with music perception, imagery, and 511 syntax (Ruiz et al., 2009; Schaefer et al., 2011) , and the theta frequency band has previously been 512 associated with auditory working memory (Albouy et al., 2017) , and in AP and RP processing 513 (Leipold et al., 2019b) . 514
When considering the subnetworks underlying the globally diminished network density in AP 515 musicians (see Figure 5 ), it is noticeable that the major hubs lie in medially in prefrontal and 516 parietal regions, and in the medial temporal lobe. These brain regions have been considered as 517 belonging to a large-scale brain network known as the default mode network (Greicius et al., 2003; 518 Raichle, 2015; Raichle et al., 2001) . The default mode network encompasses a specific set of brain 519 regions that decrease in activation during a variety of cognitively demanding tasks (Shulman et al., 520 1997) . Functional connectivity between default mode regions is highest during resting state but it is 521 also present in sensory conditions with low attentional demands (Greicius et al., 2003; Greicius and 522 Menon, 2004) , such as the music and audiobook listening conditions used in the current study. In 523 fact, it has been shown that functional connectivity in the default mode network is highly similar 524 during music listening and resting state (Kay et al., 2012) . The default mode network is usually 525 reconstructed based on functional imaging data but it is also detectable using EEG/MEG (Brookes 526 et al., 2011; Jann et al., 2009) . 527
The lower functional connectivity within the default mode network in AP compared to Non-528 musicians during acoustic stimulation could be related to a higher cognitive engagement of the AP 529 musicians during the (passive) perception of the acoustic stimuli. This would be consistent with the 530 enhanced auditory cognitive functioning in musicians discussed in the previous paragraphs. 531 Furthermore, we found a very similar subnetwork showing lower functional connectivity in RP 532 compared to Non-musicians during music listening. This again points towards combined influences 533 of AP and musical proficiency (see Figure 5 , middle panel). However, group differences in this 534 subnetwork were more subtle as they did not survive the adjustment of the significance level for 535 multiple pairwise group comparisons. 536
Apart from (auditory) cognitive processing, it might be that emotional processes had an impact on 537 the functional networks: Group differences in functional connectivity in the beta frequency band 538 seemed remarkably well paralleled by the groups' emotional response to music, which was 539 generally more intense compared to audiobooks. Higher emotional intensity might be attributed to 540 the increased potential of music to evoke complex emotions, as it is shown by the discrepancy 541 between recognized and subjectively experienced emotional valence. This phenomenon is best 542 described by paradox and ergo complex emotions like a "beautiful sadness" or an "invigorating 543 fear" and it might have affected the participants' functional connectivity during music listening. 544
However, emotional processing is more strongly associated with lower frequencies of the human 545 EEG, especially the alpha frequency band (Baumgartner et al., 2006a; Harmon-Jones et al., 2010), 546 in which no group differences in functional connectivity were found. Moreover, group differences 547 were also present during audiobook listening for which participants reported a comparable degree 548 of emotional arousal. We therefore propose the previously discussed cognitive processes during 549 auditory perception as the most likely correlate of the AP musicians' decreased whole-brain 550 connectivity although influences of emotion are also conceivable. The lack of evidence for 551 correlations between the AP musicians' functional connectivity and their pitch-naming ability as 552 well as their musical aptitude indicates a complex brain-cognition relationship rather than a single 553 driving mechanism. 554
The results of this study stand in contrast to a previous report of enhanced whole-brain functional 555 connectivity in AP musicians by Loui et al. (2012) . The authors found both increased network 556 density (as quantified by degree and connection strength) and network topology (as quantified by 557 clustering coefficient and local efficiency). This divergence might be caused by methodological 558 differences between the studies. First, in the previous study, correlation matrices were averaged 559 across participants to obtain a mean functional network for AP musicians and RP musicians. 560
Whole-brain functional connectivity group differences were then assessed in a statistical model with 561 the AP and RP networks' individual nodes as observations. Such an approach defines its statistical 562 power through network size (number of nodes) rather than by sample size (number of participants). 563
Because it does not consider between-subject variance, it is not suited for statistical inference 564 beyond the studied sample. In this study, we analyzed group differences based on the individual 565 participants' whole-brain connectivity matrices using the individual participants as observations. 566
Our approach allows for inference about the underlying populations from which our participants 567 were drawn (Penny and Holmes, 2003) . Second, the measures of network topology (clustering 568 coefficient and local efficiency) assessed in the previous study were analyzed based on connectivity 569 matrices that were absolutely thresholded (using a single connectivity value). As network density 570 influences the measures of network topology used in the previous study, this approach does not 571 allow for a differentiation between density and topology (Van Wijk et al., 2010) . In this study, we 572 separately analyzed network density using absolute thresholds and network topology using 573 proportional thresholds (and thus controlling for network density) to disentangle these two aspects 574 of the whole-brain functional network. However, the issue of absolute versus proportional 575 Heuvel et al., 2017) . 577
Our findings should be interpreted within this study's limitations. First, because of the correlative 578 nature of the study, we cannot determine if the observed group differences are consequences of AP 579 and musical proficiency or causes that contribute to AP and musical proficiency. Especially 580 regarding AP, there is an ongoing discussion about the origins of the phenomenon, which seem to 581 be influenced by both genetic and environmental factors (Baharloo et al., 2000 (Baharloo et al., , 1998 Deutsch, 582 2002; Deutsch et al., 2009 Deutsch et al., , 2006 Deutsch et al., , 2004 Gregersen et al., 2013 Gregersen et al., , 2001 Gregersen et al., , 1999 Henthorn and Deutsch, 583 2007; Miyazaki et al., 2018; Profita and Bidder, 1988; Theusch et al., 2009; Theusch and Gitschier, 584 2011; Zatorre, 2003) . 585
Second, we used EEG source estimation to reconstruct the whole-brain functional networks 586 allowing us to study functional networks in an ecologically valid setting. However, the source-space 587 functional connectivity approach has an inherently limited spatial resolution, it can be affected by 588 localization errors, and it depends strongly on the type and the particular parameters of the 589 employed source estimation algorithm and the specific functional connectivity measure (Cho et al., 590 2015; Hincapié et al., 2017; Mahjoory et al., 2017; Schölvinck et al., 2013; Wendling et al., 2009) . 591
Specifically, we reconstructed source-space functional connectivity based on the established 592 sLORETA source localization algorithm in combination with phase synchronization as a measure of 593 functional connectivity. However, there are several other source estimation algorithms/functional 594 connectivity measure-combinations. For example, previous studies have combined (and evaluated) 595 beamforming with measures of amplitude envelope correlations, particularly on MEG data 596 (Brookes et al., 2014; Colclough et al., 2016; O'Neill et al., 2017) , whereas other studies used 597 minimum norm estimation combined with phase synchronization measures (Hassan et al., 2014; 598 established and the methods are still being evaluated. 600
Finally, source-based functional connectivity analyses suffer from the source leakage problem: 601 Voxels located closely together in space can show spurious "connectivity" because of their non-602 independence. This in turn is caused by volume conduction (in EEG) and the coarse spatial 603 resolution of the source estimation (Palva and Palva, 2012; Schoffelen and Gross, 2009 ). In this 604 study, we tried to mitigate the effects of source leakage by using only the centroid voxel of each 605 region of interest, which separates the individual regions in space. Furthermore, source leakage 606 likely affects participants from all groups, so by contrasting the different groups, the leakage effects 607 might cancel out to some extent. An additional action against source leakage, which we did not 608 implement in this study, is the use of functional connectivity measures that exclude zero-lag 609 interactions. However, it is not yet clear to what extent these interactions are artifactual or 610 biological in nature, and even when using measures that exclude the zero-lag component, spurious 611
interactions can still occur (Palva et al., 2018) . 612
In conclusion, we found evidence for globally diminished functional networks in AP musicians 613 during auditory perception and especially during music listening. The influence of cognitive and 614 emotional mechanisms on the AP musicians' functional networks requires more careful 615 examination in future studies specifically designed to investigate these mechanisms. 616
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